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BACKGROUND

EPA plans to use classification rules and models to help identify contaminants for its Contaminant Candidate List
(CCL). Atraining data set (TDS) is used to calibrate or “train” the rules/models.

The TDS (described in previous poster) is a set of contaminants, each scored for its health effects (Potency and
Severity), and occurrence attributes (Prevalence and Magnitude) and assigned to one of four categories: Not List (1),
Not List? (2), List? (3), and List (4). Also available are average classifications, such as 3.5 when half the experts
assigned the contaminant to List and half assigned it to List?

Classification algorithms/models considered are:
« Artificial Neural Networks (ANN)
« Classification and Regression Tree (CART®)
* Multivariate Adaptive Regression Splines (MARS®)
«  Quick, Unbiased, Efficient Statistical Tree (QUEST®)

« Simple linear model

PRINCIPLES and OBJECTIVES

A good rule/model/algorithm would:
» Correctly predict most of the training data set classifications. Errors should be avoided.

« Avoid the most serious errors. Produce small total error loss (see loss table below).

Original (Team) Decision
Not List? | List?
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Not List? - 2 5
List? 1 = 2
2 1 -

Ideally, the algorithm used would also:
* be clear (rather than hidden), based on non-proprietary software

« work with missing data (missing score for an attribute)

« provide some continuous measure of strength, so contaminants can be sorted

PERFORMANCE ISSUES
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attribute decreases the classification.

MARS (not shown): Many
discriminants are horizontal or vertical.
Discrepancies are less numerous and
more difficult to spot.
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«Diagonal discriminants make sense.
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«Consistent ordering of classifications
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Linear and QUEST (not shown):
Look similar to ANN. No
inconsistencies. QUEST has the most
red, to minimize error loss. Linear and
ANN had other objectives (maximize
likelihood and minimize error count).
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PERFORMANCE ISSUES, continued

Linear Model
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ecision. Using smooth color gradient
(rather then 4 colors) reveals quality of . “ ":" “‘
fit to training data set. Notice that | " L““
rela;(ive_ly fetw c:f tge 2(1)2 training set k l"k‘k‘-‘.‘ “
contaminants stand out. 1 RIS |
Largest “error” was a sodium compound tt t'k"kih ‘h ‘k:'}}
(4,9, 10, 10), which the team declared : [ ‘k ‘L L[
L? Al five models predicted L forthis Bl e b b b 0 09N
. P REALLLOOY
: RRRALLOOOY
A 1T YA YYNNR A
POTENCY >
Error Loss (from Loss Table)
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QUEST, trained to minimize error loss, did the «
best job of avoiding error loss. The linear -
model did not do well because it attempted to
predict team average. When team average "

was, say 3.5, the “rounded” decision was List,

but the linear model often predicted L? and

accrued some error loss. - e -

Square Root of MSE
Mean Squared Error

The linear model, designed to minimize this ol —
kind of error, did it best. —

CART and MARS performed poorly with "
respect to both error loss and mean squared

error. -
ANN performance appears satisfactory. T
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COMBINING INFORMATION FROM MULTIPLE
RULES/MODELS
Rank Contaminants by “Strength” for Listing:
« For ANN, sort by probability of membership in List set
< For linear model, sort by estimated team average classification

» For QUEST, sort by distance from nearest neighbor in next higher (or lower) class.

Combine Info from three models:
1. Sort and find contaminant rank by the three methods (ANN, QUEST, linear).
2. Average the ranks.

3. Sort by average rank. The figure below shows that this tracks well with team average
classification.
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